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Abstract 
A set of multivariate equations have been developed using gene expression programming (GEP) based symbolic regression 
technique to generate the flow quantiles of flow duration curve (FDC) in the ungauged catchments in the East Coast of Peninsular 
Malaysia. The equations were derived from four to seven candidate explanatory variables prepared from climatic, 
geomorphologic, geographic characteristics, soil properties, and land use and land cover information. Support vector machine 
(SVM) was used to optimize the best combinations for calibration and validation of GEP models from the data available in 
thirteen gauged catchments in the study area. Seven flow percentiles namely 0.05, 0.10, 0.25, 0.50, 0.75, 0.90, and 0.95 as well as 
extreme, maximum, minimum and mean annual flows were identified to develop a framework for predicting various flow 
metrics. Obtained results revealed that nonlinear regression equations developed using GEP can generate FDCs in ungauged 
catchments of East Coast of Peninsular Malaysia with an efficiency of up to 0.92.  
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1. Introduction  
Flow duration curve (FDCs) are widely used to present the probability of flood of a particular magnitude to be 
exceeded over a historical period. Prediction of different flow percentile is possible with FDCs, where streams are 
not gauged. For the prediction of streamflow in ungauged basins, hydrological information are generally transferred 
from gauged to ungauged catchments [1]. For the effective prediction, it is imperative that the factors controlling the 
hydrologic response of catchments be studied. Quite numbers of factors have been reported in many literatures to 
contribute to the overall catchment’s hydrologic response to flow [2-5]. It has been reported that geomorphologic 
and geographic characteristics of a catchment play the most significant role in controlling the flow magnitude, 
volume and momentum [6-7]. 
Various methods have been proposed for prediction in ungauged catchment from catchment geomorphologic and 
geographic characteristics, which ranges from simple linear regressions to state-of-art data mining approaches [8-11]. 
On the other hand, the need for improved knowledge of flow variability in ungauged catchments become necessary 
especially in the context of changing hydrological processes and growing hydrological disasters due to climate 
change [12].  
The symbolic regression is a nonparametric regression procedure that relates dependent and independent 
variables using various mathematical and logical expressions in order to find an efficient but optimum model [13]. 
The advantage of symbolic regression is that it is an effective tool to discover the hidden functions or even laws 
from data [14]. This makes more robust than the traditional parametric regression. Furthermore, symbolic regression 
produces a set of equation that can be used for prediction in any catchment of interest within the study area which 
cannot be achieved using other data driven methods. Number of methods based on different principles has been 
developed for symbolic regressions including genetic programming (GP), gene expression programming (GEP), 
grammar evolution (GE), analytic programming (AP), etc. Studies indicate that GEP significantly surpasses 
traditional evolutionary approaches to solving symbolic regression problems [14-15]. It has been revealed that GEP 
can be efficiently applied to model complex hydrological problems with great accuracy [15-18]. 
GEP has been proposed in this study to develop a set of equations from four to seven candidate explanatory 
variables prepared from climatic, geomorphologic, geographic characteristics, soil properties, and land use and land 
cover (LULC) information for prediction of FDCs in ungauged catchments in East Coast of Peninsular Malaysia.  
2. Methods and materials  
2.1 Description of the study area 
The study area comprises of river catchments in the states of Kelantan and Terengganu located in the East Coast 
of Peninsular Malaysia (Figure 1), between Longitude 1010E, and Latitudes 40N. The study area covers 
approximately 26,475 km2, consisting of about 64 sub-catchments. The minimum and maximum elevations within 
the study area are approximately 3 m and 2600 m, respectively above the mean sea level. Kelantan River is the 
longest river, approximately 120 km, draining the area. Most rivers flow in the east directions emptying into the 
South China Sea and as such; do not record large river catchment as does the Kelantan. The study area is considered 
as the wet belt of Peninsular Malaysia, with mean annual rainfall of 2,800 mm [19]. The rainfall in the region is 
dominated by northeast monsoon from October to February [20]. 
2.2 Hydrologic and meteorological data  
Out of 64 catchments in the study area, streamflow data are available only at 13 catchments. Historical records 
of continuous hourly streamflow data ranging from 15 to 51years at 13 gauging stations were obtained from the 
Department of Irrigation and Drainage (DID), Malaysia.  
2.3 Geomorphologic characteristics 
Drainage area, periphery, slope, and drainage density of catchment are pertinent geomorphologic characteristics for 
hydrological study. Drainage area reflects the runoff volume that can be generated from rainfall, periphery defines 
the size of the catchments, and watershed slope contributes in the runoff momentum of a particular flood magnitude. 
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Therefore, those catchment properties were used for model development. Catchment area and periphery were 
estimated using geographical information system (GIS). The drainage density of each catchment was estimated by 
normalizing the total stream length by the catchment area [21]. The average slopes of the catchments were obtained 
from ASTER DEM data available at United States Geological Survey (USGS) website. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: Location of stream gauge stations in the study area 
  
2.4 Soil and LULC 
The soil properties of the catchments were derived from the available generalized soil map of Peninsular 
Malaysia. There are seventeen different soil groups as detailed on the soil map shown in Figure 4. Paramananthan 
[22] provided useful background information and better insight to the soil groups, which was used to prepare the soil 
curve number. The soils were studied as detailed by soil conservation service (SCS); such that they were fitted to the  
four  available major soil groups as assigned by SCS based on their characteristics as A to D. Two dominant groups 
of soils are found in the study area, namely, Group B - shallow loess and sandy loam; and Group C - clay loams 
shallow sandy loam soils low in organic contents and usually high in clay. 
The land use in the catchments are mainly agriculture at the upper catchments and urban at the lower 
catchments. However, considerable parts of the catchments at the upper reaches are still covered by forest. 
Therefore, the dominant land use varies from one catchment to the other. In some of the catchments at the upper 
reaches of Sg. Kelantan e.g. Sg. Galas, agriculture is the dominant land use. The curve number (CN) was derived 
based on three major categories of hydrologic conditions of the catchments: (i) poor: less than 50% of the ground 
surface is covered by plant or brush and tree canopy; (ii) fair: 50 to 75% of the ground surface is protected by 
vegetation; and (iii) Good: more than 75% of the ground surface is protected by vegetation [21].   
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2.5 Methodology 
The focus of this study was to develop a framework for predicting various flow metrics in the catchments of 
east coast of Peninsular Malaysia. In order to achieve this, Annual extreme flow (Qextr), maximum flow (Qmax), 
five percentile flow (Q0.05), ten percentile (Q0.10), twenty five percentile (Q0.20), fifty percentile (Q0.50), seventy 
five (Q0.70), ninety (Q0.90), ninety five (Q0.95), annual minimum (Qmin) and mean annual (Qmean) were used 
from the prepared specific annual FDCs of the thirteen selected gauged catchments. These were the predictable 
variables. Rainfall (Rain), drainage area (Area), periphery (Peri), main stream length (Strm), slope, (Slop), drainage 
density (Drain) and Curve number (Curv) were the candidate explanatory variable for multiple regression analysis. 
SVM, and GEP were the two selected methods of analyses for possible comparison and selection of the best model 
for FDC predictions.  
Selection of best combination for calibration and validation were possible using SVM. Thus, eight catchments 
were selected through optimisation algorithm with five others used for validations. In order to ensure that the best 
models may be selected, standard statistical performance measures such as; Nash Sutcliffe efficiency coefficient 
(NSE), root mean square error (RMSE), and coefficient of determination (R-square) were used.  
 
2.6 Multiple regression  
GEP and SVM are the regression and data mining approaches which were employed for the present study such 
that the model with best performance can be chosen for FDC prediction in the study area. GEP is a symbolic 
regression approach [23] which was evolved from biological evolution similar to other evolutionary optimization 
algorithms. Each combined model solutions in GEP is a product of sub-models described as genes which are linked 
together using some mathematical or logical operations. From this, the next generation of model solution is created 
which are selected according to fitness which is based on the predetermined objective function. The individual 
selection is allowed to evolve using evolutionary dynamics from which the next generation is created [23]. The GEP 
software known as GeneXProTools 4.0 was used in the present study for the development of models. Details about 
SVM can be found in Vapnik [24] 
3. Results  
Initially, SVM was used to select the catchments for GEP model calibration and validation. For this purpose, all 
possible combination of catchments was used for calibration. It was found that best model can be obtained using 
SVM when the model was calibrated with data from particular 8 catchments and validated with rest of the 5 
catchments. Therefore, data from eight catchments were used for the development of models and the rest five were 
subsequently used for the validation of the models as mentioned in the previous section. Separate models were 
developed to simulate eleven flow metrics in the catchments using two different approaches. The equations derived 
by GEP for 11 flow matrices are given in Table 1. The performance of GEP models during model development and 
validation were compared with the models developed using SVM. Obtained results are discussed in the following 
sections. 
3.1 Models development 
The performances of the model during model development periods showed that the overall performances of the 
GEP models were satisfactory as measured by standard statistics. For example the observed and the predicted flow 
metrics 0.25 and 0.90 percentile at different catchments during model calibration are presented in Figure 2. Figures 
show excellent match between the observed and predicted flow during model development. When compared with 
SVM model, it was found that GEP models performed better compared to SVM for most of the flow matrices. This 
indicates that all the flow metrics were perfectly simulated by GEP.  
The performances of the model during model development periods are presented in Table 2. The NSEs of the 
GEP models for instance were found in the range between 0.87 and 0.98. The coefficients of determination, R2 were 
in the order of 0.81 to 0.98. The RMSEs were found very minimal for mean and low flows, but moderate for 
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extreme flows. The errors for the high flows may be due to the high variance in the extreme flow values. However, 
RMSEs were always very negligible compared to observed flow. All the statistics were also found better compared 
to SVM. Therefore, it can be remarked that the overall performances of the models were satisfactory as measured by 
standard statistics. 
Table 1: GEP Models developed to predict eleven flow metrics 
Flowmetrics
(m3/s)
Equation
Extr ሼሺܺ଺ሻ െ ሾሺܺଷ െ ܺ଻ െ ܺହሻ כ ሺܺ଺ െ ͺǤ͵Ͷ͵͹ሻሿሽ ൅ ሼሾ ଵܺ ൅ ܺ଻ ൅ ܺସሿሽ ൅ ሼሺͲǤ͸ͶͶͺሻሽ
Max ሼܺହ ൅ ܺଷሻ ൅ ሺܺଷ ൅ ͹ǤͻʹͷͲሻ െ ሺܺଷ െ ܺହሻ ൅ ሺܺସ ൅ ܺହሻሽ ൅ ሼܺହ כ ሺ ଵܺሻ כ ሺʹܺ଺ כ ܺସଷሻሽ ൅ ሼܺହሽ
0.05 ሼܺସ כ ሺܺହሻሽ ൅ ൫ሺܺ଺ െ ͲǤͷͺ͸͸ሻ כ ܺଷଶ െ ܺଷ൯ ൅ ܺ଺ሽ ൅ ሼሺܺସሻ כ ሺܺଶ ൅ ʹǤ͵ʹ͹ͷሻ െ ܺଶ ൅ ܺଶሽ
0.10 ሼሺܺସଷሻ̰ሺͳ ͵Τ ሻሽ ൅ ሼሾ ଵܺ ሺሺܺହ െ ܺଶሻ כ ܺଷଷሻሿȀܺଶሽ െ ሼ ͺǤʹͲͺͶΤ כ ሺ ସܺ
ቀଵଷቁሻሽ
0.25 ሼሺܺସ െ ሺͶǤͷͲʹ͸ሻଷሻ െ ሺܺଷ ൅ ͶǤͷͲʹ͸ሻ ൅ሽ ൅ ሼܺ଺ െ ሺܺହሻሽ െ ሼͻǤ͹ͻʹͺሽ
0.50 ሼ
ሺ ଵܺ െ ܺହሻ െ ሺܺହ ൅ ܺଶሻ ൅ ሾ൫ܺ଻
ሺଵ ଷΤ ሻ൯ ൅ ଵܺሻሿ̰ሺͳ ͵Τ ሻሽ ൅ ܵݍݎݐሺሺܺହ
െ ͲǤ͹ͲʹʹሻȀܺଶȀ ሺܺହሻሽ ൅ ሼሾሺ ଵܺ ൅ ʹܺ଺ሻ ൅ ሺሺെͷǤʹ͹ʹͶሻሻሿȀ͵͸Ǥͳͻ͹͵ሽ
0.75 ቄሾሺ ܺ଺ሻ ൅
ሺͺǤͶ͵Ͳͷ െ ܺଶሻ൯ቁ ൅ ܺହሿȀܺଷሽ ൅ ሼሺܺଷ ൅  ݏݍݎݐሺͻǤͷͶ͸ͺሻ ሺͻǤͷͶ͸ͺሻሿ െ ܺଷሽΤ ൅ ሼሺ ܺ଺ଶሻ
כ ሺሺܺହሻ כ ܺଶሻሽ
0.90 ሼ ଵܺ െ ͻǤʹͶͷ͸ଶ ܺଶΤ ሽ ൅ ሼሾሺݏݍݎݐሺܺ଻ െ ͳǤʹͳͲͶ ൅ ܺ଻ሻሻ כ ݏݍݎݐሺܺ଻ሻሿଶሽ ൅ ሼሾሺሺ൫ሺ ଵܺ െ ܺହሻ כ ܺ଻൯ ൅ ሺሺܺହଶሻଶሿ̰͵ሽ
0.95 ሼܺ଺ െ ܺଷሽ ൅ ሼൣ൫ሺ͹Ǥʹ͵ͷͲ ଵܺ ൅ ʹܺହሻ൯ כ ሺെͷǤͶͲͻ͹ሻ൧ െ ሺܺ଻ଶሻሽ ൅ ሼݏݍݎݐሺܺସሻ െ ͳ͵Ǥͳ͵͸͵ሽ
Min ሼሺܺ଻ሽ ൅ ሼ ଵܺȀሺܺ଻ሻሽ ൅ ሼܺ଺Ȁሺሺܺ଺ ܺ଻ଶΤ ሻ כ ሺܺହሻሻሽ
Mean ሼെͲǤ͹Ͳʹͻ െ ሺሺሺܺଶሻሻ כ ܺଷሻሽ െ ሼሺሺͳǤͶͲ͵ͷ כ ܺହሻ כ ሺܺ଻ כ ሺ͸ǤʹͲͷͻܺଶሻሽ ൅ ሼݏݍݎݐሺܺ଻ כ ܺହሻሽ
X1= Area; X2 = Curve number; X3 = Drainage density; X4 = Periphery; X5 = Rainfall; X6 = Slope; X7 = Main stream length  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: 
The observed and predicted flows at catchments used for model development 
3.2 Validation of models 
The models developed using GEP were validated for selected five catchments. The observed and the predicted 
flow metrics at two catchments during model validation are presented in Figure 3. The results indicate that all the 
flow metrics were perfectly simulated by GEP models at different catchments. The NSEs between the observed and 
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simulated data for GEP models (Table 2) were found to be 0.57 to 0.98. When compared with SVM, it was found 
that GEP models are more capable to predict flow matrices in ungauged catchments compared to SVM models. 
Based on these results, it can be remarked that the GEP models has the best performance measure among the three 
and can be reliably used to simulate flow in the catchments of interest in the east coast of peninsular Malaysia 
provided that the catchment properties are carefully selected. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: Observed and simulated flow metrics at two catchments used for model validation 
 
 
Table 2: Performances of the calibrated models using GEP, SVM and MLR 
Flow 
metric 
NSE R2 RMSE (m3s-1) 
GEP SVM GEP SVM GEP SVM 
Qextr 0.93       0.80 0.94      0.82 1203.1 1345.2 
Qmax 0.97 0.85 0.97 0.86 252.2 354.9 
Q0.05 0.92 0.80 0.92 0.81 88.2 121.3 
Q0.10 0.98 0.86 0.98 0.88 34.7 69.1 
Q0.25 0.87 0.76 0.85 0.79 60.8 101.1 
Q0.50 0.98 0.88 0.98 0.90 16.2 39.3 
Q0.75 0.89 0.80 0.93 0.83 48.3 87.4 
Q0.90 0.97 0.86 0.97 0.88 19.1 49.4 
Q0.95 0.82 0.80 0.81 0.82 40.1 79.5 
Qmin 0.92 0.81 0.92 0.83 18.6 46.3 
Qmean 0.90 0.83 0.90 0.85 44.7 97.2 
 
 
4. Conclusions 
The present study attempts to predict the FDCs in the ungauged catchments located in the East Coast of 
Peninsular Malaysia which is considered as the most susceptible region for floods in the country in order to gain 
better insight to annual flow variability. GEP based symbolic regression approach was used for prediction of eleven 
flow metrics. The developed models were validated at five catchments to show their efficacy. The capability of the 
models was also compared to SVM. The NSEs and R2 of the models were found in the range of 0.5 to 0.989 during 
model validation. The RMSEs were also found reasonably low. Therefore, it can be expected that the GEP equations 
derived in the present study should perform well in prediction of flow in ungauged catchments located in the east 
coast of peninsular Malaysia. 
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